Transcripts are frequently modified by structural variations, which leads to either a fused transcript of 9 two genes (known as a fusion gene) or an insertion of intergenic sequence into a transcript. These mod-10 ifications, called transcriptomic structural variants (TSV), can lead to drastic changes in a downstream 11 product. Detecting TSVs, especially in cancer tumor sequencing where they are known to frequently 12 occur, is an important and challenging computational problem. This problem is made even more chal-13 lenging in that often only RNA-seq measurements are available. We introduce SQUID, a novel algorithm 14 and its implementation, to accurately predict both fusion-gene and non-fusion-gene TSVs from RNA-15 seq alignments. SQUID takes the unique approach of attempting to reconstruct an underlying genome 16 sequence that best explains the observed RNA-seq reads. By unifying both concordant alignments and 17 discordant read alignments into one model, SQUID achieves high sensitivity with many fewer false pos-18 itives than other approaches. We detect TSVs on TCGA tumor samples using SQUID, and observe that 19 that non-fusion-gene TSVs are more likely to be intra-chromosomal than fusion-gene TSVs. We also 20 quantify the propensity for breakpoint partners to be reused. We identify several novel TSVs involving 21 tumor suppressor genes, which may lead to loss-of-function in the corresponding genes and play a role 22 in tumorgenesis.
alignments (Section 4.3), construction of the genome segments (Section 4.4), creation of the graph, and the 92 reordering objective function (Section 4.1) are described in the Methods section. 93 Figure 1 : Overview of the SQUID algorithm. Based on the alignments of RNA-seq reads to the reference genome, SQUID partitions the genome into segments, connects the endpoints of the segments to indicate the actual adjacency in transcript, and finally reorders the endpoints along the most reliable path. Each edge in the final path that comes from discordant read alignments represents a TSV. Overall, SQUID's predictions of TSVs are far more precise than other approaches at similar sensitivity 95 on simulated data (Section 4.7). SQUID achieves 60% to 80% percent precision and about 50% percent (200, 500, 800 SVs) are simulated in each dataset. Each simulated read is aligned with both (A) STAR and (B) SpeedSeq aligner. If the method allows for user-defined minimum read support for prediction, we vary the threshold from 3 to 9, and plot a curve on sensitivity-specificity curve (SQUID and LUMPY), otherwise it is shown as a single point The low specificity of the pipeline-and WGS-based methods shows neither of these types of approaches fusion genes have been implicated (likely because of available methods to detect them) in playing a role in cancer.
119
To probe SQUID's ability to detect this subclass of TSVs, we use two cell lines, HCC1954 and HCC1395, We find that most samples have ≈ 15-20 TSVs including ≈ 3-5 non-fusion-gene TSVs among all four 163 cancer types ( Figure 4A,B ). BRCA has a longer tail on both sides of the distribution of TSV counts, where 164 more samples contain a larger number of TSVs, and more samples contains a smaller number of TSVs. The 165 same trend is observed when restricted to non-fusion-gene TSVs. Non-fusion-gene TSVs contain more intra-chromosomal events than fusion-gene TSVs. (E) For breakpoints occurring more than 3 times in the same cancer type, the distribution of the entropy of its TSV partner. The lower the entropy, the more likely the breakpoint has a fixed partner. The peak near 0 indicates a large portion of breakpoints are likely to be rejoined with the same partner in TSV. However, there are still some breakpoints that have multiple rejoined partners. Inter-chromosomal TSVs are more prevalent than intra-chromosomal TSVs for all cancer types ( Figure 4C ), although this difference is much more pronounced in bladder and prostate cancer. Non-fusion-gene TSVs 168 are more likely to have intra-chromosomal events than fusion gene TSVs ( Figure 4D ), and in fact in 169 bladder, breast, and lung cancer, we detect more intra-chromosomal non-fusion-gene TSVs than inter-170 chromosomal non-fusion-gene TSVs. Prostate cancer is an exception in that, for non-fusion-gene TSVs, 171 inter-chromosomal events are observed more often than intra-chromosomal events. Nevertheless, it also 172 holds true that non-fusion-gene TSVs are more likely to be intra-chromosomal than fusion-gene, because 173 the percentage of intra-chromosomal TSVs within non-fusion-gene TSVs is higher than that within all TSVs.
174
For a large proportion of breakpoints occurring multiple times within a cancer type, their partner in the TSV 175 is likely to be fixed and to reoccur every time that breakpoint is used. To quantify this, for each breakpoint 176 that occurred ≥ 3 times, we compute the entropy of its partner promiscuity. Specifically, we derive a 177 discrete, empirical probability distribution of partners for each breakpoint and compute the entropy of this 178 distribution. This measure thus represents the uncertainty of the partner given one breakpoint, with higher 179 entropy corresponding to a less conserved partnering pattern. In Figure 4E , we see that there there is a high 180 peak near 0 for all cancer types, which indicates that for a large proportion of recurring breakpoints, we 181 are certain about its rejoined partner once we know the breakpoint. However, there are also promiscuous 182 breakpoints with entropy larger than 0.5. We formulate the TSV detection problem as the optimization problem of rearranging genome segments to 262 maximize the number of observed reads that are consistent (termed concordant) with the rearranged genome.
263
This approach requires defining the genome segments that can be independently rearranged. It also requires 264 defining what reads are consistent with a particular arrangement of the segments. We will encode both of 265 these (segments and read consistency) within a Genome Segment Graph (GSG). See Figure 6 as an example.
266 Figure 6 : Example of genome segment graph. Boxes are genome segments, each of which has two ends subscripted by h and t. The color gradient indicates the orientation from head to tail. Edges connect ends of genome segments.
Definition 1 (Segment). A segment is a pair s = (s h , s t ), where s represents a continuous sequence in 267 reference genome and s h represents its head and s t represents its tail in reference genome coordinates. In 268 practice, segments will be derived from the read locations (Section 4.4). of read alignments supporting the edge, but we allow a multiplier to calculate edge weight which will be 275 discussed below. In practice, E and w will be derived from split-aligned and paired-end reads (Section 4.5).
276
Defining vertices by endpoints of segments is required to avoid ambiguity. Only knowing that segment i is 277 connected with segment j is not enough to recover the sequence, since different relative positions of i and 278 j spell out different sequences. Instead, for example, an edge (i t , j h ) indicates that the tail of segment i is 279 connected head of segment j, and this specifies a unique desired local sequence with only another possibility 280 of the reverse complement (i.e. it could be that the true sequence is i · j or rev(j) · rev(i); here · indicates 281 concatenation and rev(i) is the reverse complement of segment i).
282
The GSG is similar to the breakpoint graph (Bafna and Pevzner 1996) but with critical differences. A 283 breakpoint graph has edges representing both connections in reference genome and in target genome. While 284 edges in the GSG only represents the target genome, and they can be either concordant or discordant. In 285 addition, the GSG does not require that the degree of every vertex is two, and thus alternative splicing and 286 erroneous edges can exist in the GSG.
287
Our goal is to reorder and reorient the segments in S so that as many edges in G are compatible with the 288 rearranged genome as possible.
289
Definition 3 (Permutation). A permutation π on a set of segments S projects a segment in S to a set of 290 integers from 1 to |S| (the size of S) representing the indices of the segments in an ordering of S. In other 291 words, each permutation π defines a new order of segments in S.
292
Definition 4 (Orientation Function). An orientation function f maps both ends of segments to 0 or 1: which will be effective in reducing false positives when tumor transcripts out-number normal transcripts.
318
There is the possibility that some rearranged tumor transcripts are out-numbered by normal counterparts.
319
In order to be able to detect TSV in this case, depending on the setting, we may weight discordant read 320 alignments more than concordant read alignments. Specifically, for each discordant edge e, we multiply the 321 weight w(e) by a constant α, which represents our estimate of the ratio of normal transcripts over tumor 322 counterparts.
323
The final TSVs are modeled as pairs of breakpoints. Denote the permutation and orientation corresponding 324 to an optimally rearranged genome as (π * , f * ) and those that correspond to reference genome as (π 0 , f 0 ).
325
An edge e can be predicted as a TSV if e ∼ (π * , f * ) and e (π 0 , f 0 ). We use integer linear programming (ILP) to compute an optimal solution (π * , f * ) of Problem 1. To do this, 328 we introduce the following boolean variables:
329
• x e : x e = 1 if edge e ∼ (π * , f * ), and x e = 0 if not.
330
• z uv : z uv = 1 if segment u is before v in the permutation π * , and 0 otherwise.
331
• y u : y u = 1 if f * (u h ) = 1 for segment u.
332
With this representation, the objective function can be rewritten as
We add constraints to the ILP derived from edge compatibility equations (1). Without loss of generality, 334 we first suppose segment u is in front of v in the reference genome, and edge e connects u t and v h (which 335 is a tail-head connection). Plugging in u t , the first equation in (1) is equivalent to 1 − 1[π(u) > π(v)] = 336 1 − f (u t ), and can be rewritten as 1[π(u) < π(v)] = f (u h ) = y u . Note that 1[π(u) < π(v)] has the 337 same meaning as z uv ; it leads to the constraint z uv = y u . Similarly, the second equation in (1) indicates below. Analogously, we can write constraints for other three types of edge connections: tail-tail connec-340 tions impose inequalities (5); head-head connections impose inequalities (6); head-tail connections impose 341 inequalities (7):
We also add constraints to enforce that z uv forms a valid topological ordering. For each pair of nodes u and 343 v, one must be in front of other, that is z uv + z vu = 1. In addition, for each triple of nodes, u, v and w, they 344 cannot be all in front of another; one must be at the beginning of these three and one must be at the end.
345
Therefore we add 1 ≤ z uv + z vw + z wu ≤ 2.
346
Solving an ILP in theory takes exponential time, but in practice, solving the above ILP to rearrange genome 347 segments is very efficient. The key is that we can solve for each connected component separately. Because Figure 7A ). Concordant alignment traditionally used in WGS also requires 357 that a read cannot be split and aligned to different locations. But these requirements are invalid in RNA-seq 358 alignments because alignments of reads can be separated by an intron with unknown length. 359 We define concordance criteria separately for split-alignment and paired-end alignment. If one end of a 360 paired-end read is split into several parts and each part is aligned to a location, the end has split-alignments.
361
Denote the vector of the split alignments of an end to be R = [A 1 , A 2 , · · · , A r ] (r depends on the number 362 of splits 
We only require the left-most split of the forward read R be in front of the left-most split of the reverse read Traversing the two segments along the edge reads out u · v, which is the same as reference. (C) Both ends of the read align to forward strand. An edge is added to connect the right end of u to the right end of rev(v). Traversing the segments along the edge reads out sequence u · rev(rev(v)) = u · v, which recovers the target sequence and the read can be concordantly aligned to. (D) If both ends align to the reverse strand, an edge is added to connect the left end of front segment to the left end of back segment. (E) If two ends of a read point out of each other, an edge is added to connect the left end of front segment to the right end of back segment. low Phred quality threshold 4 (p = 10 −0.4 ) l maximum allowed low Phred quality length 10
Note: mq, pq and l are controls for sequencing quality and mapping quality. If mapping quality of a read is Figure S2 : Specificity and sensitivity of SQUID against different value of discordant edge weight coefficient.
(A) HCC1954 cell line. Sensitivity does not change when increasing discordant edge weight coefficient, indicating rearranged tumor transcripts out-number their normal counterparts. Specificity decreases slightly because SQUID predicts more as discordant edge weight coefficient increases. (B) HCC1395 cell line. Sensitivity and specificity reach the highest at discordant edge weight coefficient 8 and remain unchanged at 9 and 10. Some normal transcripts out-number the rearranged tumor transcripts, increasing this parameter allows SQUID to capture these TSVs. 
